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Abstract—Proximity ranging is very important in many can be achieved by using much simpler electronic circuits for
applications. Ultrasonic sensors have proven to be very cost yltrasonic sensors than those for laser based sensors. Third,
effective tools for this purpose. Most of the currently available ultrasonic sensors can be fabricated at a low cost. Since gen-

time-of-flight based acoustic proximity ranging systems use ti it d onl - th t of f
the conventional matched filter based time delay estimation eraling ultrasouna only requires the movement ol a surface

approaches to measure short distances between proximity objects.a!"d can b? eﬁeqtiVeW implement_ed by using e|eCtr0_StatiC or
However, in the presence of strong and closely spaced secondarypiezoelectric devices, the fabrication cost for ultrasonic trans-

echoes, the aforementioned matched filter based algorithms tend ducers is usually much lower than that of laser or microwave
to fail or suffer from severe performance degradations due to their 5caq sensors [22]. Indeed, ultrasonic sensors have proven

poor resolutions. In this paper, a computationally efficient time to b t effecti t ina tools f imit
delay estimation algorithm, referred to as multiecho parameter 0 DE Very cost eliective remote sensing 100iS 10r Proximity

estimation for acoustic ranging systems, is described for the joint ranging [5]—{7].
proximity range estimation and secondary echo mitigation. The However, due to the presence of secondary echoes, using

eﬁecti\_/eness of the proposed algorithm is demonstrated by both yltrasonic sensors for very close proximi[y ranging is very
numerical and experimental examples. difficult. When ultrasonic sensors face a sound-hard reflective
Index Terms—Acoustic transducer, proximity ranging, sec- surface, the reflected sound wave can bounce back and forth
ondary echoes, time delay estimation. several times between the sensors and the reflection surface
before decaying to zero, which results in unwanted strong
and overlapping secondary echoes in the received signal. The
time delays for the secondary echoes are approximately integer
M EASURING the distance between a known base locayytiples of the time delay of the first echo. The matched filter
tion and the surface of a proximal object is referred tgased methods cannot resolve two echoes with a time spacing
as proximity ranging [1]. Proximity ranging is very importanfess than the reciprocal of the signal bandwidth [8]. Hence,
in a wide range of remote sensing applications, including levgly most of the very short distance measurement scenarios,
detection, robot manipulation, process control, nondestructiygs matched filter based algorithms tend to fail or suffer from
testing, and cavity thickness monitoring [1]-[4]. severe performance degradations due to their poor resolutions
Various types of sensors based on different physical prify]. Most of the existing super-resolution time delay estimation
ciples such as capacitive or inductive proximity sensors, la proaches (see [10] and [11] and the references therein) are
displacement sensors, and ultrasonic sensors, can be us %Ioped for general purposes. They do not exploitahe
perform proximity ranging [3]. Among these sensors, Ultrgsrior information of the integer multiple time delays and the
sonic sensors have many important advantages over the othgganegative amplitude due to the acoustically hard reflections.
First, they can operate in extreme environmental conditions,|, this paper, we focus on acoustic proximity ranging in the
including in the presence of fog, dust, dirt, lighting or strongresence of secondary echoes. A new time delay estimation
electromagnetic interference (EMI) radiation. Second, ultrgsethod is proposed for the joint proximity ranging and sec-
sonic sensors can be used for accurate distance measuremgihry echo mitigation. We establish a flexible data model that
by using the time-of-flight (TOF) principle. Moreover, due tqakes into account the acoustically hard reflection as well as
the low speed of sound in air, the same distance resolutigia|l random time delay variations of the secondary echoes
around the integer multiples of the time delay of the first
Manuscript received August 13, 2002; revised April 14, 2003. This workwa?sCho' The new time delay estimator is based on a nonlinear
supported in part by ONR, Advanced Technology Development for the Contl@ast squares (NLS) fitting criterion. However, it is difficult to
°f)':'igt‘i'sa%%e%Slll_li)earrcg‘vmﬂn?h\éergg'e:;tlr;”éjnetf (‘ffralzr‘lte’;‘t?ggll‘ggg'10'3#05&(39irectly optimize the highly nonlinear NLS cost function. We
Engineering, University of Florida, Gainesvile, FL 32611 USA (e-maiPresent a novel computationally efficient time delay estimation
li@dsp.ufl.edu). algorithm, referred to as multiecho parameter estimation for
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Second Reflection
Boundary

\ Acoustically Hard
A : Boundary

Fig. 1. Two-transducer acoustic proximity ranging system.

are given in Sections IV and V, respectively. Section VI The received signal after sampling and A/D conversion has
concludes this paper. The derivations of the single-echo basled form
PEARS algorithm (used in multi-PEARS) and the Cramér-Rao I
bounds (CRBs) corresponding to multi-PEARS are included jp,, 7)) = Z as(nTs — It — ) + e(nTy),
Appendices A and B, respectively. = ’
n=0,1,...,N -1 )
Il. DATA MODEL AND PROBLEM FORMULATION
As shown in Fig. 1, a two-transducer ranging system is us\évé]?reﬂ denotes the ;amplmg period, which is equal to the
: reciprocal of the sampling frequengy.
to measure the distance between the transducers and an aCOLB%r roblem of interest herein is to estimate from
tically hard boundary. We assume that the propagation medi T )pN_l whens(t), 0 < ¢ < T, or more practicall
is homogeneous and nondispersive and the common region cpy- >/ J7=9 . o= ' P y
. e s(nTs)},—o is known.
ered by both the transmitter and the receiver is a smooth plana nsteag of working on this problem in the time domain. the
surface. The transmitted signal is emitted from the transmittfer King P - -
; . . requency domain is preferred. This is due to the following
toward the reflection boundary. The directly reflected signal e

. o ) . . 0 reasons. First, for the time domain methods, we could
ceived by the receiver is called the first echo. Since the distanc : . . .
. either restrictr to be multiples ofl’; or resort to interpolation
between the sensors and the boundary is very short, the sgc- N_1 : - .
is known [11]. This inconvenience can

. . only {s(nTs)};
ondary reflections between the sensors and the ranging Surﬁggea\)//oi{déd g))/ ?ra%sforming the problem into the frequency
c?orrenain, wherer can take on a continuum of values. Second,

cannot be ignored. The time delays of the secondary echoes
?(')r the time domain data model in (Zﬁal,A,}fZZ for each

approximately integer times of the time delay of the first ech
Hence the received signal can be modeled as secondary echo must be dealt with separately. However, by
= transforming (2) into the frequency domain and using the facts

y(h) =D st —lr = M) +e(t), 0<t<T (1) that{A,}~_, are small values, a more concise data model can

=1 be obtained.
wheres(t), 0 < t < T, represents the known (or measured) Let Y (m), S(m), andE(m), wherem = —N/2, —N/2 +
real-valued transmitted signal afids the signal durationj(f) 1 ... N/2 — 1, denote the discrete Fourier transforms (DFTs)

denotes the real-valued received sigfal;} £, denote the am- s y(nTy,), s(nTy), ande(nT}), respectively. Provided that the

plitudes of the received signal and is assumed to be nonneg-ajiasing due to sampling is negligiblE(m) can be written as
ative due to the acoustically hard reflectiendlenotes the time

delay corresponding to the first echo, and the time delays for
the secondary echoes dre+ A, [ = 2,..., L, with A; 20

and{A;}L_, being small perturbationslaroﬁnd the integer mul-
tiples of 7; e(t) is the real-valued noise, which is modeled as 8ince both the transmitted signglt) and the received signal

zero-mean Gaussian random process. y(t) are real-valued, their Fourier transforms are conjugate

27

L
Y(m) =Y aS(m)e I~ ITHA™ 4 Bm). (3)
=1
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symmetric. Most of the currently available ultrasonic transducebefine
are resonant devices that achieve high sensitivity at the frequency

of less than 200 kHz and are narrowband systems [2]. Hence, the B(r) = [b(r) b(27) b(L7)] (10)
transmitted signad(¢) is narrowband in general. In the negativ%lnd

frequency domain, i.e., fon = —N/2, —-N/2+1,...,0, since

s(t) is narrowband,S(m) mainly occupies a few frequency D(7) = WB(7). (11)
bins in the ranggmo — Am,mo + Am], wherem, is the

peak location oflS(m)| and2Am ~ B,NT, with B, being Then (5) can be expressed as

the signal bandwidth. Based on the above assumption and for Lo ({Bm}) = Ix — D(r)ﬂ||2 (12)

very small {A;}L,, we have the following approximations

for the signal term in (3):

67j L“ET’ES l™m

zalS(m)e_jA?_;sAlmo

= 1S (m)e ™I W @

52
e—] N;‘Zs lTm

where||- || denotes the Euclidean norm. For the white noise case,
the above NLS approach is the same as the maximum likelihood
(ML) method. When the noise is colored, the NLS approach can
still give very accurate parameter estimates [12].

We remark that the time delay estimation problem considered
herein is similar to the well-known harmonic sinusoidal param-
eter estimation problem [13]-[15]. However, the sinusoidal sig-

wheres, 2 e i(@D/(NT)Ame | — 1 o | L. Note that nals inour problem are weighted by the known signal spectrum

1 = a1 is nonnegative anfi3, } =, are complex-valued. In the

second step of deriving (4), we have assumed f{at) =~ 0

for m ¢ [mo — Am,mo + Am] and {A;}L, are so small

and the amplitude for the first echo is nonnegative. Since most of
the existing harmonic retrieval methods are designed for signals
with complex-valued amplitudes and flat band-limited spectra,

that ((27)/(NT,))AiAm = 0 (i.e., 7B, ~ 0), and hence they are not directly applicable to our problem of interest.

eI/ (NT)A(m=m0) 1 for m € [mg — Am,mg + Am).

Note that minimizing (12) is a highly nonlinear optimization

Therefore, the small time delay variations of the secondajPPlem- We present below an efficient optimization method,

echoes have been transformed to the phases of their comﬁ

amplitudes.

pégrred to as the multi-PEARS algorithm, to minimize (12) by
taking into account both nonnegatige and the weighted har-

Based on (3) and (4), and by exploiting the conjugate ser-OniC structure of the data model.

metry property ofY (m

criterion:
2

Zwlrm

L
Y (m)— S(m)Zﬁle*j NTs
=1

Li({B.rH)= Y P*(m)

—_ N
m=-3

(®)

), S(m), and E(m), the unknown
parameters can be obtained by minimizing the following NLS

I1l. MULTI-PEARS AL.GORITHM

The multi-PEARS algorithm optimizes the NLS cost func-
tion iteratively. First, we assume all of the amplitudgs}X_,
are complex-valued and obtain an initial estimate by minimizing
(12) via a fast Fourier transform (FFT)-based method. Next,
based on the initial estimates, we subtract out the components

whereB = [61 f» --- ] with (-)T denoting the transpose of the secondary echoes and keep only the component of the

{P(m) = 1};1=_N/2+1, andP(—N/2) = P(0) = (1/V/2).
Define

=P () P ()
P(0)Y (0)]" 6)

whereK = N/2 + 1 is the dimension of the vecter. Let W
be aK x K diagonal matrix

wesafo(4)5(3).

P <—g + 1) S (—g + 1> 7-~-7P(0)5(0)}- ()

Let
T
g

e—jQﬂ'qu lT]T (8)

eiwE (-5 +1)

b(ir) = [e—i?v”%z(—%)

—j2m folT e—j277fllT

=le

where
1 N k
2T,  NTy’

k=0,1,....K—1. (9

first echo. Then, the single-echo based PEARS algorithm [16]
is used to refine the initial time delay estimate. The refining step
is iterated several times.

A. Initialization Stage

Assume that{ 3}, are complex-valued, it can be shown
that the unknown parameters minimizing (12) can be deter-
mined by [17]

o = arg max co(7) (13)
where
co(7) 2 x"D(r) D (rD(7)] D (r)x  (14)
and
By = [DF(r)D(r)] " D (r)x,—s, (15)

with (-)# denoting the conjugate transpose. According to the
parsimony principle [18], if3; is indeed nonnegative, the es-
timate obtained by maximizingy(7) should be less accurate
than that obtained by minimizing the true cost function of (12).
Note that (13) is a one-dimensional search problem @)
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usually has many local maxima. Hence, maximiziggr) re- to the nearest integer. Onéd; }; ;' and{a;}/, are in hand,
quires the search over a very fine grid. By taking advantage B (1)D(7) andx D(7) can be constructed and substituted
the harmonic structure of the data model, we use zero-paddintp (14) to obtain the cost functiomy(7) at ther. The cal-
FFT to perform such a search computationally efficiently.  culation steps for the initial estimation can be summarized as
Note thatD (7)D(7) in (14) can be expressed as follows.
N/2 % N/2
b di o dys Step 1) Zero-pad|[W (k)[2}, /¢ and {a* (k)W (k)} 113 to
] length of N and perform/N-point FFTs. Compen-
.. : ) V) /(2)
DH(’T)D(T> . di : (16) sate out t_he linear phase teeft forth_e FFTs
: and obtain the data vectogsandr, respectively.

. “ di Step 2) For a giver, obtaind; anda; as
dpy - di do dp,p
where(-)* denotes the complex conjugate and d, = ({(NTI) J) l=01.--.L—1 (22)
]\]1—7Q ? = ?
. | (NT.)
dy =) |W(k)]? e 2Tl and
k=0 ~
N (NTI)
 Ne — , ap =T ) l:1727L (23)
= el |W (k)|? eIk , : Q(NTS)
k=0 _oxlr .
WERNT, Step 3) ConstructD?(7)D(7) and x#D(7) by using
1=0,1,....L—1 (17) {1}/ and{a;}}-_, obtained in Step (2). Compute

co(7) for the givenr based on (14).
Step 4) According to the maximum peak location of the
computedey(7) in Step (3), obtain the initial esti-

with W (k) denoting thekth diagonal element of the diagonal
matrix W in (7), andx®D(7) can be expressed as

xID(r)=[a; as - ag] (18) mate7, of 7. Oncer is obtainedf, can be readily
calculated by using (15).
where In practical applications, we have us@d = 4N, which is
K-1 sufficiently accurate for the initial estimation in our examples.
a; = Z [z* (k)W (k)] e 927 I0l7 Note also that in the above search method, we need to compute
k=0 the FFTs of{|W(k)|2}k1Y:/(2) and {z* (k)W (k) sz/g only once.
x Thereafter, the look-up table method is used to flifd}, '
— oI Z [2* (k)W (k)] e Iwk , and{a;}L_, for a givenr. Thus, this method is computationally
k=0 et more efficient than the brute force search method, and can be
=19 I CENTS (19) easily implemented by currently available dedicated FFT chips.

with z(k) denoting thekth element ofk in (6). B. Refining Stage

It can be seen from (17) and (19) t}{atl}f:—ol and{a;}, Assume{[?l}f:2 and_% are given, we subtract out the sec-
can be obtained as follows. First, the discrete time Fouri@hdary echoes to obtain
transform (DTFT), which can be efficiently implemented I
by usng 15/%ro—padd>|kng FFT, |As]/2applled tp the sequences X1 :X_Zﬁle(”)' (24)
{IW(k)|*} Lo and {z* (k)W (k)}, L, respectively. Next, the —2
linear phase term:/(N«/2) js multiplied to the outputs of
DTFT, and finally, the sampling is performed at the frequencv1e
pointsw = (2xl7)/(NTs). r W) = llxi — B Wh()II? 25
Define the following two vectors which are obtained by mul- 2({frrh) = Il = 5 @l (29)
tiplying the phase termi (¥«)/ () to the FFTs of |[W (k)|2} /s wheref, is assumed to be nonnegative due to the acoustically

n (12) becomes

and{z* (k)W (k) sz/g respectively, as hard reflection. We have developed an efficient optimization
algorithm, referred to as PEARS, to solve the time delay es-

q= [q(o) g(1) - q(N _ 1)}T (20) timation problem for this single echo case [16]. To make this

paper self-contained, the derivation of the PEARS algorithm is

and givenin Appendix A. Note that PEARS is a two-stage algorithm
T which first obtains an initial estimate based on a smooth cost
r= [r(o) r(1) - (N - 1)} (21) function, and then refines the initial estimate based on the true

cost function. Herein, since we have already obtained the initial
whereN denotes the data length after zero-padding.F@uf-  estimate of-, we only need to use the second stage of PEARS to
ficient large and for any given and/, the corresponding; and  refine it. Note that iteration can improve the accuracy ofhe
a; can be approximately obtained by picking the elements ofrefined estimaté can be used to redetermifevia (15). Then
andr at the index (Nir)/(NT.)|, where|-| denotes rounding the refineds and3 are used to redeterming by using (24).
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T T T T T Based on the updated,, a more accurate estimateof ~ can
i 7 be obtained by using PEARS. With the above simple prepara-
0.8 - tions, we now present the steps of the multi-PEARS algorithm.
061~ 7 Step 1) Obtain the initial estimatés andﬁ0 by using the
0.4 J . FFT-based method proposed in Section IlI-A. Let
g 02 - T = 7o andfB = B,.
% “I Step 2) Obtaink; by using (24).
E ool i Step 3) Obtain the refined by using the second stage of
AR (TP | PEARS as follows:
Substep 3.1: Obtain the measurement for each fre-
08 ] quency point ast, = W*(k)zi(k),
-08 y k=0,1,...,K—1,wherez; (k) denotes
-1 T the kth element ofx; .
= 700 = 200 250 Substep 3.2: _Obtain the phase for each measurement by
Sample Points 0, = —arg(@r), k = 0,1,..., K — 1,
@ wherearg(z) denotes the phase of
Substep 3.3: Obtain the integets = |((27fi7T —
01)/(2)], k=0,1,..., K—1,wheref,
i ' ' ' '] is defined in (9) and-| denotes rounding
to the nearest integer.
08r 7 Substep 3.4: Obtain  the  refined #  via
06| 1 Po= (Thso [k + 2721))/
T A 1 (Cico 2mlelf2).
3 02 . Step 4. Determine refinefl via (15) by using the refined.
% 0 Step 5: IterateSteps 2through4 and calculate the residue
Sk | - after each iteration aix — D(7)g||?. If the relative
o4l | i change of the residues between two consecutive it-
o6l | erations is less than a small valeethe algorithm
o8l i stops (in our examples, we have used 104 to
’ test the convergence of the algorithm).
- | . | 1 | Before we proceed, let us remark on the following two facts.
50 100 150 200 250 First, multi-PEARS converges very fast due to the good initial
Sample Points estimates. In practice, we note that the algorithm usually con-
(b) verges within three or four iterations. Second, the number of
the echoed. is determined by the practical measurement envi-
70 : , : : : , ronment. Whenevek is unknown, it can be estimated fram
v o R PEARS O by using, for instance, the generalized Akaike information cri-
ol TR “a- Vol PEARS ©.1) terion [12].
T ulti X
e - el IV. NUMERICAL EXAMPLES
cu:j’ o q\.\ To demonstrate the estimation accuracy of the proposed
E_mo— v | multi-PEARS algorithm, we present a numerical example
e . below based on a windowed chirp signal. The transmitted
o Y signal is defined as
%-110 : 2
s(t) = w(t) cos [27rfct+7 <t— 70> ] , 0<t<T
-120
(26)
where f. denotes the carrier frequeney,represents the chirp
~180; clt é t|3 110 1[2 1I4 16 rate, and
SNR in dB . . ot
© 0.5 —0.5cos (ﬁ) , 0<t<Ty,
. , . . . . ~w(t) =<1, Ty <t <Ty—Tu,
Fig. 2. Numenca_l results. (a) T_ransmltted signal. (b) Recel\_/ed signal in - - x(t—To)
the absence of noise. (c) Comparison of the RMSEs of the estimates and the 0.5 —10.5cos [T—w:l y To—Ty <t < Ty

corresponding CRBs for. Two different cases for the time delay variations of (27)

the secondary echoes are illustratedAL) = A; = 0. The RMSEs and the |, . _ ; : ; _
corresponding CRB are denoted as the circles and the solid line, respectiv\gfI .h T, = T0/10. In the followmg simulations, we us§ =

2)A, = Ay = 0.1 T.. The RMSEs and the corresponding CRB are denoteP0, ¥ = 2.5m x 10%, the signal bandWidtI’Bs. = ~ly/~,
as the squares and the dashed line, respectively. the carrier frequency,. = 108, and the sampling frequency
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fs = 32B,. Ty is chosen in such away th&§ = /N7 /64y = 90 ' '
12.6 ms. ThusT, = 98.821 us, B, = 0.316 kHz, f. = -0~ Multi-PEARS
3.16 kHz, f, = 10.12 kHz, andT = 25.3 ms. Define the re- B 7

ciprocal of the signal bandwidth &él/BS = 3.2 ms. For _100k
the received signaly = 16.2 T, = 0.506 T,., oy = 0.5, »

as = 0.3, a3 = 0.1. Note that the time delay between each [ -105
echo is only about one half df.. Thus, the first echo and sec- £
ondary echoes cannot to be resolved by using the matched fili 5 -110
based methods in this case. The SNR (signal-to-noise ratio) &
defined ad01log,,(a?E,/(No?), whereE, is the energy ofthe & -11°
signals(nTs). The root-mean-squared errors (RMSEs) are ot ©
tained through 300 Monte Carlo trials.

The waveforms of the transmitted signal and the noise fre
received signal are compared in Fig. 2(a) and (b). In Fig. 2(c
the RMSEs of the estimates ofare compared with the cor-  _130 L ! !
responding CRBs, which are the best performance bounds f 0 02 T.°'4 del (?f) 08 !
any unbiased estimators (the CRBs are derived in Appendix B). me-deiay terte
Two different cases for the time delay variations of the sec- @)
ondary echoes are illustrated: A, = A3 =0, and 2)A, =
Az = 0.1 T.. In case (1), the RMSEs of the estimates and th '
corresponding CRB are denoted as the circles and the solid lir ~ _g; w0 Muli-PEARS |
respectively. In case (2), the RMSEs of the estimates and tl :
corresponding CRB are denoted as the squares and the das _100} : .
line, respectively. It can be seen that when there are no time del » "
variations for the secondary echoes (i&3 = A = 0), the  -105
RMSEs of the estimates can achieve the corresponding CRZ
Note also the threshold effects where the RMSEs of the es 5-1101
mates deviate from the CRB when the SNR is less than 10 dI &
When there exist the time delay variations for the secondalf
echoes, the estimates are biased and the RMSEs of the estimi
cannot achieve the corresponding CRB. However, if the tim
delay variations are very small compared with the reciproci _;p5L
of the signal bandwidth, the RMSEs of the estimates can sti
approach the corresponding CRB, and thus our method ci ~130; 0'2 0'4 ole ola .
achieve a high estimation accuracy in these cases as well. ' Tir'ne_delay @Te) '
the low SNR range, the RMSEs of the estimates deviate from

-120~

-125

-90 T T

115

-120

the true CRB because the algorithm can no longer resolve the ®)

true peak of the highly oscillatory cross correlation function %

between the received signal and the reference signal. Howev  ~ ' ' '
in this case, a reliable estimate can still be obtained based -0 Multi-PEARS |

-95|-
the peak of the envelope of the cross correlation function [19

which corresponds to obtaining the estimate by using the firr  _100
stage of our algorithm. r
Fig. 3(a)—(c) illustrates the RMSEs of the estimates com , -105
pared with the CRBs as the function of time delay by fixing2
the SNR. The time delays are normalizedtoand we assume %"“0
A, = Az = 0. It can be seen that as the time delay decrease ®
the corresponding CRB increases. This is as expected beca@"”s_
the smaller the time delay, the more the echoes are overlapp:
and hence the worse the estimation accuracy. Noted also t
threshold effects in Fig. 3(a) and (b), where the RMSEs of e« _j551 _
timates deviate from the CRB when the time delay is less the -
a certain value. In order to still achieve the corresponding CR ~130; L . L

. : ; : . ; 0.2 0.4 0.6 0.8 B
in the smaller time delay region, the higher SNR is required. Time-delay (¢/Te)

(©

T
|

-120

V. EXPERIMENTAL RESULTS

. . . Fig. 3. RMSEs and CRBs versus the normalized time delay at different SNRs.
Experiments have been conducted by using the COI’nm(':‘m'all time delays are normalized #a, which is the reciprocal of the signal

available Panasonic ceramic transducers (EFRRSB40K5 aaddwidth. (afNR = 10 dB, (b)SNR = 15 dB, and (c)SNR = 20 dB.
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TABLE |
PARAMETERS OF THEPANASONIC ULTRASONIC CERAMIC TRANSDUCERS VX1 16-bit CH1
Part No. EFRRSB40K5 | EFRTSB40K5 DAQ System | o,
Application Receiver Transmitter
Resonant Frequency (kHz) 40 40
Bandwidth (kHz) 4 4 Arbitrary
s Waveform
Sensitivity (dB)* -50 - Generator
Sound Pressure Level (dB)** - 105
Maximum Input Voltage (Vrms) — 20 Sound Hard
*0dB=1V/Pa  **0dB=2x 1075 Pa Surface

EFRTSB40K5). Table | lists the parameters of the transduce ___—LT——1
used in our experiments [20]. The block diagram of the ex|.
perimental setup and the photograph for the acoustic rangi
system are shown in Fig. 4(a) and (b), respectively. The geo-
metric centers of the two transducers are 17-mm apart and they
are mounted above an aluminum plate with a smooth surface,
which is used to simulate the planar acoustically hard boundary.
The acoustic transducers are fixed on a three—dimensional
(3-D) traverse controlled by a personal computer (PC), which
is used to adjust the position of the transducers related to the
boundary with an accuracy of 0@dm. The excitation signal

for the transmitter is a pulse burst generated by an arbitrary
waveform generator. The pulse repetition frequency is 192 Hz
and the pulse width is 0.15 ms. Each pulse has been modu-
lated by a carrier frequency of 40 kHz, which is the resonant
frequency of the transducer. A 16-bit ADC is used to sample
(fs = 196608 Hz) the excitation signal for the transmitter
and the received signal from the receiver. The recorded d&i 4 Exp_erimental setup for the acoustic ranging system. (a) Block diagram
are transferred to a host PC and the multi-PEARS algorithm(g%hn(a(jz;(ferlmental setup. (b) Photograph of the setup for the sensors and the
applied to the recorded data to determine the distance estimates.

The sound speed is obtained by [21]

(b)

difference between two consecutive levels is 0.5 mm. Fig.5(c)
¢ = \/vRT, (28) to (f) show the measured waveforms recorded at the levels 3, 5,

15, and 19, respectively. As we can see that due to the presence
wherey = 1.4 is the ratio of specific heat® = 287 J/(kg-K) of the secondary echoes, the shapes of the received signals at
is the gas constant, arfg = (273.16 + 21) K in our experi- different levels are quite different. For the noise in this experi-
ments. Thus we have = 344 m/s. In our experiments, since ment, the electronic noise dominates and the SNR is about 20 dB
the transmitter and the receiver are closely placed, there existsaaed on the definition in Section IV. In the practical environ-
small amount of crosstalk. Note that the crosstalk is unchangeént, the noise level can be much higher due to the presence of
and independent of the reflected signal, and hence it canthe environmental noise. However, for a steady and controllable
recorded and stored in the system in advance and subtragadironmental noise, one can obtain it by using another receiver
out from each received signal thereafter. All the received sigpdependently driven, and remove it from the real received sig-
nals below are illustrated after the crosstalk subtraction. nals thereafter.

Fig. 5 shows the recorded signals in the experiments.Fig. 6 shows an example where the multi-PEARS algorithm
Fig. 5(a) is the transmitted signal, which is obtained wheg applied to the recorded signal at level 19. We use generalized
the transmitter and the receiver are face to face. The distardaike information criterion to determine the number of the
between the transducers has been measured precisely. Tdames and obtaih = 4 for this example. It can be seen from
this waveform is taken as the known transmitted waveforrthis figure that multi-PEARS can correctly resolve the first and
Fig. 5(b) shows the discrete Fourier transform (magnitudsgcondary echoes eventhough they are heavily overlapped. Note
of the signal in Fig. 5(a). It can be seen that the transmittatso that the reconstructed signal matches the original signal
signal is narrowband with the bandwidth about 4 kHz. Thusery well. The relative error between these two signals is only
the nominal minimum distance required to resolve the first aid7%.
secondary echoes by the matched filter method is about 43 mmkig. 7 shows the measurement results for the entire range

We then increase the distance between the transducers tovtith the different choices fod. (the number of echoes). If
boundary starting at 29 mm. The entire measurement rangehis secondary echoes are not taken into account/aadil
exactly 10 mm and is covered in 21 discrete levels. The distariseused, an accuraté cannot be obtained. By using = 2,
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Fig. 5. Recored waveforms in the real experiment. (a) Transmitted waveform. (b) Discrete Fourier transform of signal in (a). (c) Received s@rial at le
(d) Received signal at level 5. (e) Received signal at level 15. (f) Received signal at level 19.

the measurement results are improved. But there are still fdtue distances. (The results fér= 3 are similar to those of
levels where the measurements are quite different from the= 2.) By using L = 4, very good results are obtained for
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Fig. 6. Application of multi-PEARS to a recorded signal at level 19. (a) The original signal. (b)—(e) The reconstructed signals by using multisHEaRS e
for the echoes 1 to 4, respectively. (d) The reconstructed signal by superposition of the signals in (b)—(e).

all distances. The zoomed-in view of the measurement err@sor is about 0.02 mm forl, = 4. The ratio between this
are shown in Fig. 7(b). Note that the maximum measuremestror and the entire measurement range is 1073,
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44 T T T T APPENDIX A
421 .V-‘V'Y-. .
v DERIVATION OF PEARS
“or * ] Based on the same notation for (25), the NLS cost function
Ess- #@* . for the single echo case is
= re
(2]
ESGL ) Ly ({B1,7}) = llx1 = BLWh(7)|)* (29)
[4] - -
534 where|| - || denotes the Euclidean norm. Note tf¥ais nonneg-
ész_ - ative. Hence the cost functiofy, in (29) can be expressed as
True Di
30- RS Ly = [x1 = BWb(r)]” [x1 — B Wh(7)]
o L=2
o8l . o L=4 - =xx, — BixEWb(r) — BibH (r)WHx,
26 LY ! ! ! + ﬂ%bH (T)WHWb(T)
8 30 32 34 36 38 40 — Xfle + /B%bH(T)WHWb(T)

True Distance (mm})

@ — 241 Re [b" (1)WHx, ] (30)

where Re(z) is the real part ofz. Since xfx; +

Ol 1 T T : B2bH (r)WHWDb(7) is a constant and3; is nonnega-
008 o R R - tive, ther that minimizesC, is the one that maximizes the term
, P Lo ; 231 Re[b (1)W¥Hx,], which has the form
0.08~ P8 S A R M
004k S - 7., = argmax c1(7) = argmax Re [bH(T)WHxl] . (31)
E o : ':_F’ : : ! !
BO0m L ST, ee 7 Note that the cost functios (7) can be expressed as
1S g : 2 _0_,,0 - T - 600
T ook o et g -
5 ' & %0 - H H
5oool L g u . ° . c1(t) =Re [b (1YW x1]
@ o v e K-1 y
-0.04- ' ° . = ) |#k| cos(2m fiT — O1) (32)
v v L= k=0
-0.06 J |
-0.08}- L o-l=4] |  where
L | ] ] | o A %
04 30 32 34 36 38 20 Ly =W*(k)z1(k), k=0,1,..., K-1 (33)
True Distance (mm)
®) and

0,2 —arg(#), k=01,... . K—1 (34)

Fig. 7. Stationary level measurement results obtained by applying the . .
multi-PEARS algorithm to the measured signal with the different choices ¥/ith arg(z) being the phase af. In the absence of noise,
L. The ranging distance covers from 29 to 39 mm. The distance between two

consecutive levels is 0.5 mm. (a) Measurement results versus the true distance gvk =onfyT — 2wz, k=0,1,...,K—1 (35)
obtained by traverse. (b) Measurement errors.

with {2 }1—,' being some integers. It can be seen from (32) that
VI]. CONCLUSION c1(7) is a sum ofK cosine functions of with frequenciesfy
to fx—1, and hence is highly oscillatory, which makes it very
Due to the presence of unwanted strong and closely spackfficult to find the global maximum directly.
secondary echoes, it is very difficult to obtain accurate shortif 3, were complex-valued, it can be shown that minimizing
distance measurements for acoustic proximity ranging systemswith respect tor would yield
using traditional matched filter based methods. In this paper,
a computationally efficient time delay estimation algorithm, 7., = argmaxcs(7) = argmax|bH(7')WHx1|. (36)
referred to as multi-PEARS, is presented for the joint proximity ! !
ranging and secondary echo mitigation. Numerical resulBncec,(7) is much smoother than the true cost functigfr),
demonstrate that multi-PEARS can deal with secondary eche@es can obtain an initial estimate based @fir) and then re-
effectively, and the estimates obtained by using multi-PEAR®e it based orc; (7). The first stage of PEARS is to deter-
can approach the corresponding CRBs as the SNR increaseifie an initial estimate based @n(r). Note thateo(7) can
Experimental results obtained by using Panasonic cerarbie efficiently maximized by applying FFT with zero-padding
transducers show that multi-PEARS can also perform very wédl W x; . Once the initial estimate, say, is available, we can
in a practical environment. refine it based on the true cost functier(7).
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Differentiatingc; (7) with respect tar yields B _ -E <_E> E(O)]T 5)
K-1 L 2
(1) == |El2n fisin@rfer — ). (37) s, — |s <—§ 1) S (_g n 2)
k=0 L
The goal here is to approximate (37) arourdwith the first- o S(=1)1" (47)
order approximation to find an approximate solutior’tor) = [ N T
0, which corresponds to the local maximumefr) aroundry. S, =5 D) 5(0) (48)
From (35), we have the following approximations at the high ST N
SNR: gir+ Ay = [/ +Aa0(=%)
R v — 2 (A (- X41) r
o frfo ~ 22k + 0, k=0,1,....K—1 (38) e NI : 1] (49)
where go(lr + Ay) = [ FE(rHA0(=541)
N —i= (A (-4 +2)
. 27Tfk7'0 — 0 . e INT
25 = {T| ., k=0,1,....K—1 (39) e_j;_;s(lT+Al)(_1)}T 50)
with [-] denoting rounding to the nearest integer. In a small g ;7 4 A)) = [e—j 2 (r+a)(-5) 1i|T 51)
range aroundy, using (38) yields the following approxima-
tions: G =[g(r) g(27+Az)
_ o ) g(L7 + Ap)] (52)
sin(2mfir = On) = sin(@rfar — O — 2mz) Ge = [ge(r)  8e(27 + As)
~ sin [27rfk(v7 —70)] o g (LT + AL)] (53)
R 27 froT — O — 2m2y. (40)
. and
Therefore] (7) arounds, can be approximately expressed as
s G, =[g:(r) &(27+28s) - g(Lr+AL). (54)
() = — Z o || fr (27 frm — O — 2721). (41)  \we have
k=0
Simplifying (41) and setting it to zero, we obtain the refined Y. =p+E (55)
solution ofr as and
K-1 |y i
(0 212
+ _ Lk=o |}f5|1fk( kot 2mz) (42) Y, =p, +E, (56)
Zk:[) 27r|fk|f13
. . . . . where
This estimator can be interpreted as a weighted suii efkti-
mates ofr obtained from frequencief to fx 1 separately. . = S.G.a (57)
APPENDIX B and
DERIVATION OF THE CRBS B, =S,.Gra (58)
We sketch below the derivation of the CRBs for thevith
data model in (3) where{o;}£, are assumed to be .
real-valued. Du<=7 to the conjugate symmetry property of a=[a; ay - ag]. (59)
N/2—-1 .
DFTS, {¥(m)},=_(n/») can be expressed in terms of o ihat the additive noige(nTs)}. -, is areal-valued

{Y(m)}9,—_(n/2) With {Y(m)};llz_(N/Z)Jr1 being com-

: zero-mean white Gaussian random process with variaice
plex-valued andY (—(NN/2)),Y (0)} being real-valued. Let

Denote
Y. = Y(—%+1) Y(-%+2> O=[a; - ar 7 Ay -~ Ap o4T.  (60)
) Y(_1)]T (43) Since the DFT matrix is a unitary operator, the joint probability
- N T density function fo{Y., Y.} has the form
Y,.=|Y <—5> Y(O)} (44) . )
: P Y 0= o { = (Vo) (Vo)
E. = E(—g—l—l) E(—%—k?) (2m)= o a?

1
E(-1)]" (45) —f,g(Yr—m)T(Yr—m)} : (61)
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Based on the extended Slepian—Bang’s formula, the CRB nvehere
trix can be computed as

Oglr +A) _ _, 2m K_ﬁ) o9 R (a0 (— )
1 OA NT, 2
[CRB™1(0)],, = 5t [Q:1 Q40,1 Q.)] + [mf7 Q' . - r
i —iwgr (IT+A) (=T +1

Xtr [QC—IQC;QC—IQC;] +2Re I:Mc;HQc—lll’clj] (62) < 2 + 1) e N1 2 0:| (71)
whereQ, = ¢2I, with I, being the 2x 2 identity matrix,
Q. = oI, with I, being the(N/_2 - 1) x (N/2 — 1) identity op op  Op  Op op
matrix, andX’, denotes the derivative & with respect to the F = dar  dap or oh, T 9ALl” (72)
ith unknown parameter. Sin€g,. andQ_. do not depend on the
parameters i, andu,., andu, andu,. do not depend on the Then
elements iMQ,. andQ., it can be shown that the matrix CR#
is block diagonal with its last row and last column being zero _ o? Hany—1
except for the last diagonal element. Let the signal parameter CRB(n) = 2 [Re<F F)] (73)
vectorn be denoted as L . .

which is easily evaluated numerically.
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cessing for acoustic and radar applications.

Xi Li (S’0l) received the B.Sc and Ph.D. degrees ir
electrical engineering from Nanjing University of
Science and Technology (NUST), Nanjing, China, in
1995 and 1999, respectively. He is currently pursuing
the Ph.D. degree in electrical engineering, with ¢
minor in aerospace engineering, at the University o
Florida, Gainesville.

Since May 2000, he has been a Research Assista
in the Department of Electrical and Computer En-
gineering at the University of Florida. His researc
interests include spectral estimation and signal pro-

1605

Jian Li (S'87-M'91-SM’'97) received the M.Sc.
and Ph.D. degrees in electrical engineering from The
Ohio State University, Columbus, in 1987 and 1991,
respectively.

From April 1991 to June 1991, she was an Adjunct
Assistant Professor with the Department of Electrical
Engineering, The Ohio State University. From July
1991 to June 1993, she was an Assistant Professor
with the Department of Electrical Engineering, Uni-
versity of Kentucky, Lexington. Since August 1993,
she has been with the Department of Electrical and

Computer Engineering, University of Florida, Gainesville, where she is cur-

rently a Professor. Her current research interests include spectral estimation,
array signal processing, and signal processing for wireless communications and
radar. She is currently a Guest Editor fdultidimensional Systems and Signal

Processing

Dr. Li is a member of Sigma Xi and Phi Kappa Phi. She received the 1994
National Science Foundation Young Investigator Award and the 1996 Office of
Naval Research Young Investigator Award. She is currently an Associate Editor
for the IEEE TRANSACTIONS ONSIGNAL PROCESSING

Renbiao Wu (M'95-SM’'01) received the B.Sc. and
M.Sc. degrees in electrical engineering from North
western Polytechnic University, Xian, China, in 1988
and 1991, respectively, and the Ph.D. degree in ele
trical engineering from Xidian University, Xian, in
1994.

From May 1994 to February 1996, he was 3
Postdoctoral Fellow at the College of Marine
Engineering, Northwestern Polytechnic University,
where he was promoted to Associate Professor i
December 1995. From March 1996 to Februar

1997, he was a Visiting Scholar at the Center for Transportation Research,

Louis N. Cattafesta, Ill, received the B.S. degree
in mechanical engineering with Highest Distinction
from the Pennsylvania State University, University
Park, in 1986, the M.S. degree in Aeronautics from
the Massachusetts Institute of Technology, Cam-
bridge, in 1988, and the Ph.D. degree in mechanical
engineering from the Pennsylvania State University
in 1992.

He is currently an Associate Professor with the
Department of Mechanical and Aerospace Engi-
neering, University of Florida (UF), Gainesville.

Virginia Polytechnic Institute and State University, Blacksburg. From MarcRrior to joining UF in April of 1999, he was a Senior Research Scientist at
1997 to December 1998, he was a Visiting Scholar in the Department kigh Technology Corporation, Hampton, VA, where he was the Group Leader
Electrical and Computer Engineering, University of Florida, Gainesvill®f the Experimental and Instrumentation Group. In 1992, he joined High
Since January 1999, he has been with the Department of Communicatidg§hnology Corporation as a Research Scientist at NASA Langley Research
Engineering, College of Air Traffic Management, Civil Aviation University ofCenter. His research at NASA Langley focused on supersonic laminar flow
China, Tianjin, China, where he is currently a Chaired Professor of Tianjigontrol and pressure- and temperature-sensitive paint measurement techniques.
His research interests include spectral estimation, feature extraction and imdgesubsequently became involved in active control of flow-induced cavity
formation, space-time adaptive processing, and adaptive arrays and tRéFillations. His current research interests lie in active flow and noise control,
applications to radar and wireless communications systems. particularly the modeling and design of piezoelectric actuators and MEMS

sensors and also the development and implementation of real-time, adaptive

flow control schemes.

Dr. Cattafesta is a member of the AIAA Aerodynamic Measurement Tech-
nology Technical Committee.

Mark Sheplak received the B.S., M.S., and Ph.D. de-
grees in mechanical engineering from Syracuse Uni-
versity, Syracuse, NY, in 1989, 1992, and 1995, re-

an Academic Visitor at the Ship Stability Research Centre, University of Strattirat enable the measurement, modeling, and control of various physical

clyde, Glasgow, U.K.

Srihari Rasmi received the B.Tech. degree in naval
architecture from the Indian Institute of Technology,
Madras, India in 1999. He is currently pursuing
the M.S degree in the areas of experimental fluid
dynamics and signal processing at the Departme
of Mechanical and Aerospace Engineering at th
University of Florida, Gainesville.

From December 1998 to April 1999, he received

spectively.

He is currently an Associate Professor with
the Department of Mechanical and Aerospace
Engineering, University of Florida (UF). Prior to
joining UF in 1998, he was a Postdoctoral Associate
at the Massachusetts Institute of Technology's
Microsystems Technology Laboratories, Cambridge,
from 1995 to 1998. During his Ph.D. studies he

a scholarship to pursue his research interests relatedhs a GSRP Fellow at NASA-LaRC, Hampton, VA, from 1992 to 1995. His
to stability of ships at Hochshule Bremen in Bremengcurrent research focuses on the design, fabrication, and characterization of
Germany. From August to December of 1999, he wahigh-performance, instrumentation-grade, MEMS-based sensors and actuators

properties.



